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Abstract

Sentiment analysis (SA) also known as opinion mining is a tool to determine
the sentiments associated with linguistic data and is used by a variety of
organisations over various domain. SA analysis has proved to be an effective
tool at various business levels, organisational levels etc. Big companies,
organisations, governments use social media platforms to identify the sen-
timents of the target audience in order to enhance their services and products.
Current study is a chronological survey of SA, its applications and various
approaches that were developed over the time for SA. This paper focuses on
various SA techniques developed and their real-world applications. Details
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of SA, types of SA, terminology and approaches related and developed
overtime are discussed at length. Applications and works related SA in
domains related to social media, big business, and political campaigns are
also discussed.

Keywords: Sentiment analysis, subjectivity, polarity, support vector
machine, NaiveBayes.

Table 1 List of abbreviations used
RNN Recurrent Neural Network
LSTM Long Short-Term Memory
CNN Convolutional Neural Networks
SVM Support Vector Machine
NLP Natural language processing
NLTK Natural Language Toolkit
DT Decision Tree
NN Neural Networks
GA Genetic Algorithm
PCA Principal Component Analysis
LSA Latent Semantic Analysis
GRU Gated Recurrent Unit
FIP Fuzzy Inference Process
ME Machine Entropy
LBA Lexicon Based Approach
BERT Bidirectional Encoder Representations from Transformers
RRC Review Reading Comprehension
SE Sentiment Evolution
TF-IDF Term Frequency, Inverse Document Frequency
BiGRU Bidirectional Gated Recurrent Unit
CGC Consumer Generated Content
SMO Sequential Minimal Optimization

1 Introduction

SA is the application of NLP techniques to identify, classify and analyse
emotions, attitude, sentiments behind the text. With ongoing boom in E-
commerce and social media platforms, SA has been in trend and huge demand
these days. Even the linguistic data generated on these daily platforms has
been referred to as “big data” as it cannot be handled easily and large
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computational effective and accurate models are being developed to han-
dle such data. Things like, sentiment mining, opinion extraction, emotion
analysis come under the umbrella of SA. SA is used to do text analysis
to see whether the overall attitude of the text in a statement, paragraph,
document and corpus is positive, negative or neutral. It is also used to
analyse and understand the emotions, opinion or attitude of a person for a
topic or object. SA is find’s its vast applications businesses, e-commerce,
social media, academics which are discussed at the later part of this survey
paper.

SA is an application of NLP and is done through NLTK a python library to
perform various projects. VADER, Text Blob, IBM Watson Natural Language
Understanding, Google Cloud Natural Language API, Azure Text Analytics,
and Stanford CoreNLP are some available open-source libraries for SA.
Where all these tools have some different approaches or languages to obtain
the sentiments but all helps in various ways. Table 2 breifely describes the
various concepts and terminologies used in SA.

1.1 Earlier Works on SA

The works related to NLP tasks and SA can be traced to 60’s and mid
70’s. Karlgren et al. (1994) used discriminant analysis for text classification
and using a model named brown corpus. Kessler et al. (1997) proposed
theory of genera’s for computational modelling of linguistic corpuses. Wiebe
(2000) used clustering of words for subjectivity tagging. Turney (2002)
presented a simple unsupervised learning algorithm for classifying reviews
as recommended (thumbs up) or not recommended (thumbs down). Pang
Lee and Vaithyanathan (2002) compared various ML techniques including
NaivesBayes and SVMs for sentiment classification. Morinaga et al. (2002)
used linguistic and syntactic rule-based techniques on huma- test samples to
extract opinions off the internet. The term SA was first used by Nasukawa
and Yi (2003). The paper focused on finding local statements on sentiments
rather than analysing opinions on overall favourability and suggested it is
better to analyse sentiments by breaking the document into individual smaller
entities (text fragments that denote a sentiment about a subject) rather than
considering or classifying the whole document as positive or negative. The
term opinion mining was first used by Dave and Lawrence and Pennock
(2003). Turney and Littman (2003) introduced a method for inferring the
semantic orientation of a word from its statistical association with a set of
positive and negative paradigm words.
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Table 2 Terminology in sentiment analysis
S. No. Term Definition Approach Uses
1. NLP NLP combines

computational
linguistics, ML
and DL models to
process natural
language.
Computational
linguistics
includes
development of
models related to
natural languages
through
computers and
softwares.

Statistical
Approach,
Symbolic
Approach,
Connectionist
Approach.

Large scale
corpus analysis,
Identifying
Customer
behaviour and
satisfaction,
accurate,
effective, fast and
objective analysis.

2. NLTK It is an API for
NLP with Python,
preprocessing and
further analysis of
text data.

Importing
Necessary
Modules,
Importing
Dataset, Data
Preprocessing and
Visualization,
Model Building.
Prediction.

Tool for
descriptive and
detailed analysis
of text corpora
and NLP models.

3. Sentiment Analysis Used to determine
patterns and
overall tone of the
text, usually
positive, negative,
or neutral.

Rule-based,
Automatic,
Hybrid systems.

Used by various
organisations for
feedback and
improvement of
products and
services.

4. Lexicon Lexicon could be
considered as
some set of
features having a
predefined
sentiment value.
It includes lists of
words (lexicons
or dictionaries)
linked to different
emotions to label
the words.

Dictionary based
approach, Corpus
based approach.

Used to detect
sentiments in text
analysis.

(Continued)
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Table 2 Continued
S. No. Term Definition Approach Uses
5. Machine learning Enabling

machines to learn
(predict) from
tasks based on
previous
experience (data).

Knowledge
acquisition,
supervised
learning,
unsupervised
learning and
reinforcement
learning.

ML models are
being extensively
used in businesses
which include
services related to
fraud detection,
security,
personalization,
recommendations
especially on
OTT platforms,
automated
customer service
through chatbots,
transcription and
translation, data
analysis and
more.

6. Hybrid Techniques Combination/
Collaboartion of
two or more
different
methodolo-
gies/algorithims.

Various ML based
techniques.

These models can
deal with complex
scenarios more
efficiently,
reducing
computational
load.

7. Deep Learning Deep learning is a
crucial instrument
in field of
artificial
intelligence (AI)
that gives
machine thae
ability to think
like humans.
Deep learning
models are highly
useful in
problems related
to pattern
recognition.

Neural networks,
rule-based
techniques.

Deep learning
recognizes
images, speech,
and also
processes natural
language. It is
widely used for
digital assistants,
voice-enabled
devices and
remote controls.
It facilitates
detecting
fraudulent
actions,
self-driving cars,
and generative AI.

(Continued)
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Table 2 Continued
S. No. Term Definition Approach Uses
8. Polarity It is referred to as

degree of
emotions
expressed in a
sentence.

NaivesBayes. Polarity is the
overall sentiment
conveyed by an
individual text,
sentence or
document. polarity
is usually expressed
as “sentiment
score”.

9. Subjectivity Subjectivity
quantifies the
amount of
personal opinion
and factual
information
contained in the
text. The higher
subjectivity
means that text is
more opiniated
rather than being
factual.

NaivesBayes. Social Media
Monitoring, Human
Resources, Market
Research,
Healthcare and
Patient Feedback,
Opinion Mining in
News and Blogs.

10. Corpus Corpus word is
used to say for a
bunch of
documents and
corpus-based
analysis analyses
the sentiment of a
bunch of
documents al
together.

Corpus-based
sentiment
analysis involves
analyzing and
determining the
sentiment
expressed in a
collection of text
(a corpus) using
computational
methods. This
technique
leverages a large
dataset of text to
train machine
learning models
or apply linguistic
rules to identify
sentiment.

Election
Predictions: Using
sentiment trends to
predict election
outcomes and voter
behavior.
Trend Analysis:
Identifying trends
and public opinion
on various topics
by analyzing social
media posts.
Automated
Support:
Developing
chatbots, virtual
assistants that could
detect and respond
appropriately to
customer emotions.
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Mullen and Collier (2004) introduced an approach towards SA using
SVMs to collect diverse sources of related information such as favorability
measures for phrases and adjectives. Whitelaw et al. (2005) extracted and
analysed and appraisal groups such as “very good” or “not terribly funny”.
Nadeau et al. (2006) automated analysis of sentiments in dreams by taking
100 dreams sampled from a dream bank. Pang and Lee (2008) covered
promising techniques and approaches to directly enable opinion-oriented
information-seeking systems. Wilson et al. (2009) developed a system that
could automatically differentiate among contextual and prior polarity, with
an emphasis on understanding the features that are significant for this task.

The rest of paper is organised as follows. Section 2 deals with types of SA
and recent researches in the specific domain. Section 3 is the detailed analysis
of approaches towards SA Section 4 discusses the real-world application
of SA in various industrial sectors. The research is concluded in Section 5
followed by references in Section 6.

2 Types of Sentiment Analysis

SA can be done at various levels namely, sentence level, paragraph level,
document level and corpus level. Sentence based analysis analyses each
sentence of a long text and checks whether it is positive, negative or neutral.
It’s used to give the positivity, negativity and neutrality of each sentence in
a text. For example in a review or feedback, it analyses the text sentence by
sentence. This helps to understand feelings and emotions of the person in
each sentence from a long text. A sentence level machine learning approach
for sentiment classification was developed by Khan et al. (2010) to analyze
online reviews by extracting subjective sentences from the and labelling each
sentence either positive or negative using Naı̈vesBayesian classifier. Trilla
and Alias (2012) evaluated the different combinations of textual features and
classifiers to recognise the most suitable adaptation procedure using Semeval
2007 dataset and a Twitter corpus.

Paragraph-based SA analyses the sentiment of each paragraph in the text.
This approach is useful for longer texts where sentiment may vary within
different sections. It only analyses a whole paragraph and classifies it as pos-
itive, negative or neutral. This helps to analyse the sentiment of a paragraph
and to know it’s directed attitude, emotions or feelings. Ferguson et al. (2009)
examined how additional information from paragraph-level annotations could
add to the accuracy of document-level sentiment classification. O’Hare et al.
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(2009) proposed text extraction techniques to develop topic-specific sub-
documents and thus training a sentiment classifier demonstrating a significant
improvement in over full document classification. Authors concluded that
the word-based approaches are better performing than paragraph-based or
sentence-based approaches. A network-based features was proposed by De
Arruda et al. (2019) to analyse the Voynich manuscript, compatible with
real texts as per considered characteristics. Ke and Chan (2021) proposed
Multilayer Content-Adaptive Recurrent Unit (CARU) network for paragraph
information extraction.

Document level analysis analyses the overall document as positive, neg-
ative or neutral deals with overall tone of the document rather than breaking
the document into paragraphs of sentences and then analysing them. It gives
an overview of the literal attitude of the document. As length of a document
could range from a single page to thousands of pages, document-level SA
is challenging task compared to word or sentence-based SA which leads to
an abundance of words and opinions, at times contradictory, in the same
document. Document level analysis is usually done with articles related to
press, specific products or posts related to an organisation. This type of
analysis requires a high concentration, particularly when the topic of interest
is sensitive in nature. Given a document as an input, Tang (2015a) proposed
a learning research framework based on the available textural information to
automatically classify its sentiment/opinion (thumbs up/ thumbs down).

Corpus word is used to say for a bunch of documents and corpus-based
analysis analyses the sentiment of a bunch of documents all together. It helps
large businesses and organisations to analyse data’s sentiments, emotions and
feelings of the overall documents. Abdulla et al. (2013) built a manually
annotated dataset and that takes the reader through the detailed steps of
building the lexicon. Moreno-Ortiz and Fernández-Cruz (2015) proposed
a 3-step model based on weirdness ratio to extract candidate terms from
specialized corpora, later matched against general-language polarity database
in order to obtain sentiment-bearing words whose polarity were domain-
specific. Chathuranga et al. (2019) tested a POS tagged word corpus and the
resultant sentiment lexicon was used to perform a lexicon based sentiment
analysis of accuracy of three different classifiers. Researchers suggested that
the developed framework could be more accurate with potentially larger
text corpuses. Rice et al. (2021) demonstrated the validity of “minimally-
supervised” approaches for the development of a sentiment dictionary from a
corpus of text drawn from a specialized vocabulary. Figure 1 gives a detailed
explanation of types and approaches towards SA.
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Figure 1 Sentiment analysis: Types and approaches.

3 Approaches Towards Sentiment Analysis

3.1 Lexicon Based Approach Towards SA

The lexicon-based approach is one most commonly used approach towards
SA. The first work on lexicon-based approaches was presented by Turney
(2002) in which two arbitrary words were used to compute the semantic ori-
entation of a sentence. Nasukawa et al. (2003) extracted sentiment-associated
polarity of positive or negative for specific subjects from a document, instead
of classifying the whole document into positive or negative. Kanayama and
Nasukawa (2006) proposed an unsupervised lexicon-building method for
detecting positive or negative aspects in a specific domain. Work of Cao Q
et al. (2011) utilized Lexicon based SA to discover semantic qualities from
audits to examine the impact of different variables which may influence the
supportive voting design for audits.

Taboada et al. (2011) designed a method of dictionary creation along with
use of mechanical Turk to check dictionaries for consistency and reliability.
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Pandarachalil et al. (2015) presented an unsupervised approach to SA specifi-
cally designed for large-scale Twitter data by using SenticNet, SentislangNet
and SentiWordNet.

Park S et al. (2016) proposed a rule-based tactic for labelling feelings
sentences and terms in situational commercials using a dictionary-themed
method. Basiri et al. (2017) compared four lexicons to show the importance
of lexicons in the performance of document-level sentiment analysis. Taj
et al. (2019) did the SA of news using the dataset from BBC by using
corpus based method of lexicon approach. Sallam et al. (2022) extended their
efforts to improve the accuracy of Arabic collaborative filtering by applying
SA to user reviews. Catelli et al. (2023) used NLP and SA to get insight
into sentiments and opinions toward COVID-19 vaccination in Italy and the
results highlighted an overall negative sentiment.

3.2 Machine Learning (ML) Based Approaches Towards SA

ML algorithms are applied to opinion documents and reviews in order to
learn underlying patterns and other aspects thus capturing the sentiment of
the document in question. The learned model can be applied to real-time
social media data to assess people’s opinions about a particular company.
Sentiment analysis is primarily modelled as a supervised learning problem.
Therefore, manually labelled training data is required to build the initial
model.

Mullen et al. (2004) introduced an approach to sentiment analysis by
using SVM to bring together various sources of potentially pertinent informa-
tion. Wilson et al. (2005) created a system which was able to automatically
identify the contextual polarity for a large subset of sentiment expressions
and the results were significantly better than the baseline. Begg et al. (2005)
investigated SVM, an application of ML approaches, for the automatic recog-
nition of gait changes due to spatial, kinetic and kinematic gait measures.
Rani et al. (2006) presented a comparative study of different ML methods
applied to the field of emotion recognition using physiological signals. Chau
and Chen (2008) used ML based approaches to combine web content and
structure analysis to filter out irrelevant documents from the data collected
from the web. Muller et al. (2008) reviewed preprocessing and classification
techniques for effective EEG-based mental state monitoring application and
focused on Berlin based-computer interface (BBCI) which can be operated
with minimal subject training. Melville et al. (2009) trained ML model by set
of statements annotated as positive, negative or neutral for SA of blog and
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forum texts found on the World Wide Web, written in English, Dutch and
French.

Nanli et al. (2012), Vinodhini and Chandrasekaran (2012) conducted a
survey on the development, techniques, methods, research, challenges and
application of SA in various domians. Gonçalves et al. (2013) developed
a method combining approaches towards SA providing the best coverage
results and competitive agreement along with a web service called iFeel,
which provides an open API for accessing and comparing results across
different sentiment methods for a given text. Agarwal and Mittal (2013)
applied Rough Set Theory based feature selection method for sentiment clas-
sification. Neethu and Rajasree (2013) analysed twitter posts about electronic
products using ML. Hovy (2015) provided examples of real-world usage
of ML models and concluded the study with some suggestions, that how
computational studies could address the problem in a more informed way.
Pawar et al. (2016) explored text classification and feature classification with
mathematical treatment.

An upgraded version of Naı̈veBayes algorithm, SentiRobo was presented
by Rohani and Shayaa (2015) to predict the sentiment polarity of large
data sets in social media. Mittal et al. (2016) combined Naı̈ve Bayes and
Decision Tree based ML algorithms to propose a flexible, fast and secure text
analysis framework using apache spark. Hausler et al. (2018) tested various
sentiment analysis measures for the text-based sentiment analysis in real state
by utilising trained SVMs.

Kabir et al. (2021) compared and studied the performance of various
techniques of ML approaches on online user reviews that came from mul-
tiple indsurtry domains and concluded that boosting and maximum entropy
detected sentiments of online users better than the other examined ML algo-
rithms. AlBadani et al. (2022) presented an effective model of SA using deep
learning architectures by merging “universal language model fine-tuning”
(ULMFiT) with SVM which increased the detection accuracy and efficiency.

3.3 Hybrid Approaches in SA

A hybrid approach in SA combines different methods or techniques, such
as lexicon-based, machine learning, or rule-based approaches, to analyse
sentiment in text. Mittal et al. (2013) proposed a three-stage hierarchical
model for sentiment extraction, first labelling with emoticons followed by
tweets labelling using lexicons with strong positive or negative sentiments
and tokenizing weights based on subjectivity. Malandrakis et al. (2013) used
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a lexicon automatically generated from a large corpus of raw web data and
calculated statistics over a Naı̈veBayes tree model. Also, a lexicon-based
model is combined with a classifier built on maximum entropy language
models, trained on a large external dataset. The hybrid classification method
proposed by Govindarajan (2014) is based on coupling classification meth-
ods using arcing classifier along with classifier ensemble designed using
Naı̈veBayes and SVM. The study is concluded with a comparative study of
the effectiveness of ensemble technique for sentiment classification.

Mukwazvure and Supreethi (2015) developed a hybrid approach for SA
of news comments which involves using sentiment lexicon for polarity detec-
tion (positive, negative and neutral). The method by Appel et al. (2016,2018)
used fuzzy sets and a sentiment lexicon enhanced with the assistance of
SentiWordNet, to predict the semantic orientation polarity and its intensity
for sentences providing a foundation for computation of sentiments. The
hybrid system outperformed Naı̈veBayes and ME in terms of precision and
accuracy concluding the superiority of the developed model, when applied
to SA problems at sentence level. Nandi and Agrawal (2016) combined
the Lexical Dictionary based approach with the features of SVM learning
classifier. Altaher (2017) proposed a hybrid approach for SA of Arabic tweets
based deep learning techniques. And compared performance of the developed
model with standard classification methods such as NN, DT, and SVM.

Al Amrani et al. (2018) used SVM and random forest, introducing a
hybrid approach to identify product reviews and concluded that Random
Forest merged with SVM algorithm were better performing than the other
algorithms for product reviews. Iqbal et al. (2019) proposed a GA-based
feature reduction technique using PCA and LSA for SA framework. Alharbi
and Alhalabi (2020) proposed a hybrid approach of dictionary-based FIP
algorithm which uses using fuzzy systems to accurately identify the sentiment
of the input text and also addressed the challenges of SA using various
fuzzy parameters. Mendon et al. (2021) developed a framework to analyse
users’ sentiments by combining ML, statistical modelling, LBA, TF-IDF
and K-means for sentiment classification among affinitive and hierarchical
clustering. An ensemble model developed by Tan et al. (2022) comprised
a combination of three hybrid deep learning models namely Robustly opti-
mized BERT approach, LSTM, Bidirectional LSTM and GRU. Kaur and
Sharma (2023) analysed sentiments through sentiment classification, fea-
ture extraction and LSTM. Ramirez-Alcocer et al. (2024) combined CNN
and LSTM network to classify people’s sentiments on some particular
topic.
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3.4 Aspect Based Sentiment Analysis (ABSA)

ABSA is used to identify particular aspects or characteristics discussed in
a text and assess the sentiment linked with each of these aspects. Varghese
and Jayasree (2013) applied NLP for quantitative analysis of individual
aspects using SVM classifier. Pavlopoulos (2014) decomposed the process
of ABSA into 3 parts: term aggregation, term extraction, and term polarity
estimation respectively. Che et al. (2015) enhanced ABSA by adding a
sentiment sentence compression (Sent Comp) step before performing the
ABSA. Ruder et al. (2016) demonstrated the task of ABSA by modelling the
interdependencies of sentences in a review with a hierarchical bidirectional
LSTM.

De Clercq et al. (2017) introduced and tested integrated ABSA for
Dutch language that included user feedback from three domains: human
resources, retail, and banking through aspect polarity classification, aspect
category classification and aspect term extraction. Ma et al. (2018) targeted
ABSA by focusing on commonsense knowledge in deep neural sequential
model and performed a joint task combining targeted aspect-based polarity
classification and target-dependent aspect detection. Xu et al. (2019) first
build a RRC dataset for ABSA and explored a new post-training approach
on BERT. Phan and Ogunbona (2020) built a ABSA solution by part-
of-speech embedding’s, dependency-based embedding’s and contextualized
embedding’s and also introduced the concept of syntactic relative distance.
Nazir et al. (2020) emphasized on extraction of relational mapping between
aspects, interactions, relevant sentiments, contextual-semantic relationships
and dependencies, between different data objects for improved sentiment
accuracy.

Wang et al. (2021) categorized ABSA into two basic steps: aspect extrac-
tion and sentiment classification. A new taxonomy for ABSA organising
studies from the concerned sentiment elements giving the utilization of pre-
trained language models for ABSA systems in cross-domain scenarios was
given by Zhang et al. (2022). Chauhan et al. (2023) focused on two primary
subtasks, aspect extraction and aspect category detection of ABSA methods
using deep learning and demonstrated a thorough evaluation of aspect extrac-
tion methodologies. Zhao et al. (2023) proposed a multitask learning model
that could extract aspect terms, classify aspect polarity using multihead atten-
tion to associate dependency sequences with aspect extraction. Alqaryouti
et al. (2024) proposed an ABSA hybrid approach integrating domain lexicons
and rules to analyse apps reviews. The approach adopted language processing
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techniques, rules, and lexicons to address several SA challenges producing
summarized results.

3.5 SA Through Deep Learning Models

Deep learning is a part of ML that allows a program to instruct itself to
perform tasks like speech and image recognition and make neural network
to automatically discover detection. Deep learning models operate by pro-
cessing sequential text data and identifying complex relationships between
words, phrases, and sentence structures.

The recent evolution of deep learning has transformed SA by enabling
automated extraction of semantic, syntactic, and emotional features directly
from raw text. Unlike traditional machine learning methods that depend heav-
ily on handcrafted features, deep learning models can learn hierarchical text
representations capable of capturing subtle linguistic and contextual patterns.
Techniques such as CNNs, LSTM networks, and Transformer-based architec-
tures like BERT have established new standards in accuracy and performance
across various NLP applications. CNNs are among the earliest neural models
applied to text classification. They utilize convolutional filters to extract local
textual features and recognize sentiment indicators from n-gram patterns. As
proposed by Kim (2014), CNNs are computationally efficient and well-suited
for tasks such as short-text or microblog sentiment analysis. However, since
CNNs focus mainly on local dependencies, they may fail to retain long-term
contextual information within extended text segments.

To overcome this, LSTM networks, introduced by Hochreiter and
Schmidhuber (1997) were designed with gated memory cells that store infor-
mation over longer sequences. This architecture is particularly effective for
modeling dependencies in lengthy reviews, comments, or conversational data.
LSTM models mitigate the vanishing gradient problem common in traditional
recurrent neural networks, making them robust for sequential sentiment tasks.
Their ability to preserve sentiment flow across paragraphs gives them an edge
in applications requiring context continuity.

The next major innovation was the development of Transformer-based
architectures, which completely replaced sequential recurrence with a self-
attention mechanism. The BERT model proposed by Devlin et al. (2019)
processes text bidirectionally – analyzing both preceding and succeeding
word contexts simultaneously. This feature allows BERT to accurately
interpret complex sentiment expressions such as irony and negation. Its
successors, including RoBERTa, DistilBERT and ALBERT by Liu et al.
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(2019) further optimize training efficiency, data utilization, and contextual
embedding strength. These models dominate benchmark datasets such as
IMDb, Yelp, and Amazon Reviews, surpassing traditional approaches in
precision and robustness. Tang et al. (2015b) provided an overview of the
successful deep learning approaches for SA tasks, challenges related to SA
and provided some suggestions to address these challenges. Hassan et al.
(2017) proposed CNN architecture that employs CNN and LSTM on top of
pre-trained word vectors. Ciftci et al. (2018) compared logistic regression
and NaiveBayes with RNN using LSTM units on a dataset of shopping and
movie reviews in Turkish. Kaur et al. (2018) explained the SA, its levels and
different approaches used for SA.

Ghorbani et al. (2020) integrated architecture of CNN and LSTM network
to identify the polarity of words on the Google cloud. Lagrari and Elkettani
(2021) reviewed classical and deep learning models applied to various SA
tasks and their evolution over the recent years and also provided performance
analysis of different SA models on particular datasets. Sunitha et al. (2022)
analysed the real time tweets and did the feature extraction using TF-IDF,
GloVe, pre-trained Word2Vec, and fast text embedding’s. A systematic liter-
ature review of deep learning methods for document-based SA to determine
different features in the text can be found in the work of Alshuwaier et al.
(2022).

Recent studies highlight the rise of hybrid deep learning models that
integrate CNNs and LSTMs or combine BERT with lexicon-based sentiment
resources to enhance both accuracy and interpretability. Hybrid models are
especially valuable when dealing with domain-specific sentiment, where
linguistic nuances vary widely across sectors like healthcare, finance, and
politics.

Despite their exceptional accuracy, deep learning methods present notable
challenges. They require extensive labeled datasets and substantial compu-
tational power, often relying on GPU or TPU resources. Researchers are
therefore exploring Explainable AI (XAI) frameworks and lightweight neural
models to reduce complexity and improve transparency. Table 3 highlights the
key features, advantages and limitations of some deep learning models while
Table 4 gives an overview of the practicality of approaches towards SA.

4 Overview of Sentiment Analysis in Various Domains

SA is an important tool which used to analyse how people’s feel and think
about something such as products, objects and about someone. SA gives
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Table 3 Advantages and limitations of some Deep Learning models in relation to SA
Model/ Type of
Architecture Network Key Features Advantages Limitations
CNN
(Convolutional
Neural
Network)

Feed-forward
neural network

Detects local
word patterns and
sentiment phrases
using convolution
filters

Fast, simple,
suitable for
short texts

Limited ability
to capture
long-term
dependencies

LSTM (Long
Short-Term
Memory)

Recurrent
neural network

Utilizes gating
units to store and
manage
sequential
information

Captures
longterm
sentiment
patterns

High
computational
cost, slow
training

BERT
(Bidirectional
Encoder
Representations
from
Transformers)

Transformer-
based

Enhanced BERT
with better
masking and
training
optimization

More accurate
across multiple
domains

Fine-tuning
and training
are resource-
intensive

RoBERTa
(Robustly
Optimized
BERT
Approach)

Combination
model

Integrates
contextual and
linguistic
knowledge

Balances
interpretability
and
performance

Model tuning
is complex

Hybrid (CNN +
LSTM or BERT
+ Lexicon)

Combination
model

Integrates
contextual and
linguistic
knowledge

Balances
interpretability
and
performance

Model tuning
is complex

text analysis of emotions and feelings by providing it’s polarity, subjectivity,
positivity, negativity and neutral in numerical form. It is used in various
domains which are discussed in the following paragraphs. SA is used in
businesses to know the public opinions for their products and services. Big
e-commerce giants such as Amazon and Flipkart take reviews, ratings and
feedback from customers to know and understand what customers desire and
expect from their products and services.

Suppose, a customer leaves a positive review on amazon saying “I like
this headphone it’s good as shown” while the other one writes “the headphone
is not so good and it’s volume system is not so good and not worth of
money”. Both the reviews are opposite in nature as one is positive while other
one is negative. Examining reviews and comments systematically through
SA, companies improve their product quality by identifying the gaps in



A Comprehensive Overview of Sentiment Analysis 363

Table 4 Practical comparison of approaches towards SA
Data Computational

Approach Accuracy Requirement Cost Advantages Limitations

Lexicon-based Moderate Low Low Simple,
interpretable,
suitable for small
datasets

Poor performance
on sarcasm and
slang

Machine
Learning
(ML)

High Medium Medium Learns from data
and adaptable to
new domains

Requires feature
engineering and
labeled data

Deep Learning
(DL)

Very High High High Captures deep
semantic context
and emotional
tone

Computationally
expensive, needs
large datasets

Hybrid Very High High High Combines
strengths of ML
and Lexicon
methods

Difficult to train
and interpret

their products and services and thus amplifying an overall better customer
experience.

Jagdale et al. (2019) suggested that SA plays a vital role in enabling the
businesses to work actively on improving the business strategy and gain an
in-depth insight of the buyer’s feedback about their product. SA could be
extensively used in knowing opinions of a mass of people (at community,
national or international level) as well as a person’s individual sentiments
through analysing their social content and habits. People give different views
at their posts and messages and their inclination towards several generalized
moods such happy, sad aggressive, excited or worried can easily be predicted,
identified and classified.

For example, during big events such as Olympics, SA can show us how
fans are feeling by looking their posts. As if they are saying “wow what a
game!, it enlighten my mood”, they are happy and excited. Whereas when
Covid-19 pandemic hit the globe, it could be verified by online posts that
people’s were worried and anxious. Although it is easy for one to identify
and visualize the sentiments of an individual through his online posts, but
when the number increases significantly, SA comes into picture. SA helps to
understand sentiment and various emotions of people’s through mood of mass
and individual on social media. Beigi et al. (2016) explored the applications
of SA and demonstrated how sentiment mining in social media can be used
to understand how local public mass reacts during a disaster, and whether
or not, such information can be used to improve disaster management. Babu
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et al. (2022) presented an overview of sentiment analysis on Social media data
for identifying apprehension or sadness through the use of different artificial
intelligence methods.

SA alsos help to analyse the sentiment of persons which directly show
or represent their personality. If a person is optimistic then his online posts
would mostly be positive and happy and if a person is negative, his post
would rather be more complaining in nature most of the time. Also, if a
person like food they will used to posts different foods at different places
and if a person like travelling they will posts the world’s corners where they
travelled. Different people’s show their personality and habits through their
posts by which we be able to know through sentiment analysis what’s the
personality habits of individuals through their posting habits. Qi and Costin
(2019) investigated the influence of habits of users by conducting SA on SMD
in transportation field. Using keywords in social media search, Lubis et al.
(2020) designed a step wise framework that aims to understand users’ habits
by analysing their social media data.

SA is also valuable tool for advertisement. It measures the effectiveness of
advertising campaigns and predicts how customers will perceive products and
whether they’ll give positive or negative reviews about them. By analysing
customer feedback, advertisers can identify which aspects of their campaigns
work best and which need improvement.

SA is also used for analysing large amounts of data to determine whether
the opinions and emotions expressed are positive, negative, or neutral. It
helps to remove abusive language from text by automatically detecting and
deleting hateful content before it reaches online users. Sai Nikhita et al.
(2020) used NLP, Sentiment calculation and topic detection to detect the
bad/vulgar/inappropriate comments not related to the specific context. Abdou
et al. (2021) proposed a SA approach classifying social media posts into
three categories namely hate, abusive and neutral respectively. The approach
is based on a constructed dataset which reduces unbalancing and improves
classification results.

Subjective language encompasses personal feelings, opinions, or judg-
ment, while objective language comprises factual information. SA can
separate objective and subjective data within a large dataset, allowing organi-
zations to analyse it based on their requirements. It also assists in sorting the
data based on subjectivity and objectivity, enabling users to access subjective
data to understand public opinions on a specific topic. Montoyo et al. (2012)
surveyed the state of research in the NLP tasks of subjectivity and SA, as
well as their application domains closely-related research field of emotion
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detection. According to Li (2013), every consumer review has two views:
subjective view and objective view. The subjective view of a consumer review
reflects the opinions expressed by opinion words, while the objective view is
constructed by the remaining text features.

Wang et al. (2013) focused on the importance of sentiment words in
financial reports and financial risk. Agarwal et al. (2015) proposed a novel
SA model that extracted common sense knowledge from ConceptNet based
ontology and context information. Tang et al. (2015) aimed at identifying,
extracting and organizing sentiments from user generated texts in social
networks, blogs or product reviews. Kumar et al. (2016) focused on the
significant areas related to SA for detecting emotions, developing resources,
and utilizing transfer learning. Letarte et al. (2018) explored the modelling
of insightful relations between words, in order to understand and enhance
predictions and proposed Self-Attention Network (SANet) for text classifica-
tion. Hussein (2018), Aqlan et al. (2019) did survey son SA focusing on its
classification and challenges relevant to their approaches and techniques.

Yue et al. (2019) dealt with SA process and underlying data mining
techniques. Dewi et al. (2020) compared classification techniques namely
Naı̈ve Bayes and Random Forest, using tokenization and unigram features
to build classification model of tweet sentiment. Grljević et al. (2022) for
the first time presented a Serbian language corpus manually annotated for
opinions in the domain of higher education. The following subsections in
detail explain the specific use of SA in different domains.

4.1 Customer Feedback Analysis and Product Reviews

Using sentiment analysis in customer feedback analysis enables a more effec-
tive understanding of the opinions and sentiments expressed by customers.
Kang and Park (2014) study developed a framework for measuring customer
satisfaction of mobile services in Serbian language. Moghaddam (2015) pro-
posed a technique that could automatically extract defects (problem/issue/bug
reports) and improvements (modification/upgrade/enhancement requests)
from customer feedback and a technique to summarize identified defects and
improvements.

Singla et al. (2017) classified sentiments of over 4,000,00 reviews into
positive and negative using algorithms such as Naı̈veBayes, SVM and DT.
Zaki and Rodrı́guez-Dı́az (2020) proposed a methodology to identify the
labels that could represent the customers’ sentiments, based on a quantitative
variable such as overall rating. Adak et al. (2022) reviewed various ML, DL
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and explainable artificial intelligence models to predict customer sentiments
in food delivery services domain. Wu et al. (2022) examined the sentiment
information of customer reviews and explore the potential of explored infor-
mation in enhancing hotel demand forecast. Using LSTM to extract sentiment
information from consumer reviews, three sentiment indices, namely, bullish,
average and variance index repectively, were constructed and their effective-
ness was examined through autoregressive integrated moving average with
exogenous variables model. Saroha et al. (2024) suggested that the unification
of ML and SA emerges as an effective tool for extraction of emotional traces
from unstructured text data.

Yang et al. (2020) introduced a SA model-SLCABG based on sentiment
lexicon combining CNN and attention-based BiGRU. Zhao et al. (2021)
proposed an optimized ML algorithm called the Local Search Improvised
Bat Algorithm based Elman Neural Network (LSIBA-ENN) for the SA of
online product reviews.

Kumar et al. (2022) used RNN with GRU to build low-dimensional
vector representations of reviews to analyze the sentiment of amazon reviews
through paragraph vectors and embedded vectors. Hossain and Rahman
(2023) used various SA approaches such as DT, K Neighbours classifier,
SVM, logistic regression and random forest classifier TO classify review
text into sentiment class to predicted customer review messages. Rasap-
pan et al. (2024) introduced an optimized ML algorithm named Enhanced
Golden Jackal Optimizer-based LSTM to perform SA of e-commerce product
reviews.

4.2 Social Media

Social media refers to the communication between peoples where they make,
share and exchange ideas through various online platform such as Facebook,
Twitter, Instagram, YouTube and LinkedIn. SA focusing on social media
allows the brands and business to better understand how their products are
perceived online and make datadriven decisions to improve products and
services. By regularly analysing and acting on this data, business can build
a positive brand reputation that resonates with target audience, ultimately
driving business success.

SA involving approximately 1000 Facebook post about newscasts was
done by Neri et al. (2012), comparing the sentiment for an Italian pub-
lic broadcasting service against a private company. Maynard et al. (2013)
combined opinion mining from text and multimedia (images, videos, etc)
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on social media focusing on entity and event recognition. Isah et al. (2014)
developed a framework for gathering and analysing the views and experiences
of users of drug and cosmetic products using ML, text mining and SA. Jurek
et al. (2015) presented a LBSA algorithm specifically designed for real time
Twitter content analysis. Muhammad et al. (2016) introduced SmartSA, a
lexicon-based sentiment classification system for social media genres which
integrates strategies to capture contextual polarity from two perspectives: the
interaction of terms with their textual neighbourhood (local context) and text
genre (global context).

Dhaoui et al. (2017) evaluated and compared the performance of various
approaches to automate SA applied to CGC on social media and explored the
benefits of combining them. Rathan et al. (2017) higlited the importance of
pre-processing of texts in social media in order to obtain important details
in various domains thus identifying the trending research areas within social
media analysis. Abd El-Jawad et al. (2018) compared the performance of
different ML and deep learning algorithms and i a hybrid system using text
mining and NN for identifying sentiment classification. Salah et al. (2019),
Singh et al. (2020) detailed different approaches for conducting SA and OM
and gave a systematic survey on SA and OM techniques. Sharma et al.
(2020) discussed the results of different ML techniques based on performance
metrics, used for the application of SA in security domains.

4.3 E-Commerce Platforms

E-commerce platforms are platforms where customers trade goods and
services via the internet. One major benefit of sentiment analysis in the
e-commerce industry is the capability to comprehend customer emotions.
This allows businesses to customize product suggestions, ads, and website
interfaces, leading to a more interactive and customer-focused setting. By
addressing issues and improving positive interactions, e-commerce platforms
can greatly increase customer contentment and loyalty. Zheng et al. (2014)
proposed a SA model comprising of keyword extraction, polarity assignment
technique and graph-based approach for the analysis of mobile handset
reviews collected from different electronic commercial sites.

Mittal et al. (2016) analysed online sentiment impact the by analysing
a corpus of responses obtained by the consumers and enlisted emoticons,
interjections and comments extracted from status updates and posts. Noor
et al. (2019) detailed SA on women’s e-commerce reviews from Amazon
using Weka. The study compared classifiers namely J48, Naı̈ve Bayes, JRip,
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and SMO for SA based on categories and AdaBoost. Yang et al. (2020)
proposed a SA model-SLCABG based on the sentiment lexicon, CNN and
attention based BiGRU.

Marong et al. (2020) overviewed SA and its techniques in e-commerce
sector about the consumers’ opinions of their goods and services. Baishya
et al. (2021) applied the bag of words model and glove embedding matrix
to focus on fake reviews. El-Ansari et al. (2023) detailed and evaluated the
components and techniques employed for handling user queries and effec-
tiveness of system, that implemented a concept of customer service chatbot.
Kyaw et al. (2023) observed the applications of SA in E-commerce systems
as a comprehensive study and pointed out the role of discovering business
intelligence through SA for smart digital marketing in E-commerce platforms
Hajek et al. (2023) used ABSA for fake review detection.

4.4 Political Reviews and Analysis

SA is an integral part of any political campaign as it provides insights
into voters’ moods and opinion. Social media platform, such as Twitter
consistently generates corpus text containing political insights, is usually
mined to analyse the people’s opinion and predict the future trends and even
the results of the elections. Tumasjan et al. (2010) conducted the content
analysis of more than 100.000 tweets containing the reference to either a
political party or a politician and concluded that twitter is used extensively
for political deliberation. Bakliwal et al. (2013) performed a three class
sentiment classification experiments on a collection of 2624 tweets posted
during the run-up to the Irish General elections in 2011 and the highest
accuracy achieved was 61.6% by supervised learning.

Nandi et al. (2016) did the SA of tweets, by combining the lexical
dictionary-based approach and SVM learning classifier, to conclude the
public opinions towards the political parties and achieved an accuracy of
93%. Sharma et al. (2016) made use of both supervised and unsupervised
approaches to perform text mining on 42,235 tweets in Hindi language during
the general state elections in 2016 and SVM predicted a 78.4% chance that
the Bhartiya Janta Party (BJP) would win more elections and it turned out to
be true.

The work presented by Ramteke et al. (2016) analysed Twitter sentiment
to determine public views before, during and after elections respectively
and the result reveaedl that the elections outcomes align with the sentiment
expressed on social media in most of the cases and the sentiment classifier
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showed the accuracy of 94.58% with the precision of 93.19%. Sandoval-
Almazan and Valle-Cruz (2018) analysed the data collected from around
4000 posts on Facebook about the local government campaign in the central
State of Mexico and revealed that the voters’ perception of candidates was
bad for the winner political party. Roy et al. (2019) summarized the data
set of tweets related to the 14th Gujrat Legislative Assembly election to
predict the chances of winner party by utilizing public’s opinion and pre-
sumed that only English language is not enough for the accurate sentiment
analysis as most of the common people express their opinions in native
languages.

Onyenwe et al. (2022) investigated the impact of political party and
control over its candidate and vice versa on winning an election and deduced
from the experiment’s results that the acceptance of the candidate or the
party adds to the win in the election. The method applied by Rodrı́guez-
Ibáñez et al. (2021) to analyse the statistical and temporal dynamics of SA on
political campaigns and found measurable variations in sentiment behavior
and polarity across the political parties and their leaders throughout the
election period. Chauhan et al. (2021) reviewed the studies that tried to infer
the political opinion of public using social media platforms and tried to edify
the contribution of the researchers to predict election results through social
media content.

5 Conclusion, Challenges and Future Scope

This study is a systematic review of works related to SA and NLP tasks in a
chronological order. Applications of SA and SA related techniques specially
in business and politics has also been discussed. Finding suggest that though
the early models of SA were lexicon based, later models were developed
using neural networks, RNN and CNN’s. Recent trends show shifting of
interest towards machine leaning and hybrid models in developing SA related
models. SA models are actively being in developed in various languages
especially Arabic and are not just limited to English. Sarcasm, multi-lingual
texts still are persistent challenges in the field of SA. As emojis and gif’s have
become an integral part of posts especially in social media, some authors try
to incorporate them in their models in order to properly identify and analyse
the sentiments. SA models are going to be comparatively smarter and more
efficient in the near future due to a boom in ML and AI sector. Which could be
seen as a necessity due to the introduction of big data and big data analytics
in social media and services sector.
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Deep learning has established itself as the cornerstone of modern sen-
timent analysis by improving classification accuracy and contextual com-
prehension. The integration of Transformer-based models, attention mech-
anisms, and multimodal learning continues to expand the potential of senti-
ment detection across platforms. Future advancements are expected to focus
on Explainable AI (XAI) for transparent predictions, real-time multimodal
sentiment analysis for social media monitoring, and ethically aligned models
that mitigate algorithmic bias and preserve data privacy.
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